
CS 330

Reinforcement Learning:
A Primer, Multi-Task, Goal-Conditioned
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Introduction
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Some background:

- Not a native English speaker so please please let me 

know if you don’t understand something

- I like robots ☺

- Studied classical robotics first

- Got fascinated by deep RL in the middle of my PhD after 

a talk by Sergey Levine

- Research Scientist at Robotics @ Google

Karol 

Hausman



Why Reinforcement Learning?
Isolated action that doesn’t affect the future?
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Common applications

(most deployed ML systems)

robotics autonomous drivinglanguage & dialog business operations finance

+ a key aspect of intelligence

Supervised learning?



The Plan
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Multi-task reinforcement learning problem

Policy gradients & their multi-task counterparts

Q-learning <— should be review

Multi-task Q-learning
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Multi-task reinforcement learning problem

Policy gradients & their multi-task counterparts

Q-learning <— should be review

Multi-task Q-learning



1. run away

2. ignore

3. pet

Terminology & notation

Slide adapted from Sergey Levine
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Images: Bojarski et al. ‘16, NVIDIA

training

data

supervised

learning

Imitation Learning

Slide adapted from Sergey Levine
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Imitation Learning

Slide adapted from Sergey Levine
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Imitation Learning vs Reinforcement Learning?



Reward functions

Slide adapted from Sergey Levine
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The goal of reinforcement learning

Slide adapted from Sergey Levine
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Partial observability
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Fully observable?

- Simulated robot performing a reaching task given 

the goal position and positions and velocities of 

all of its joints

- Indiscriminate robotic grasping from a bin given 

an overhead image

- A robot sorting trash given a camera image



The goal of reinforcement learning

infinite horizon case finite horizon case

Slide adapted from Sergey Levine
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What is a reinforcement learning task?

data generating distributions, loss

A task: 𝒯𝑖 ≜ {𝑝𝑖(𝐱), 𝑝𝑖(𝐲|𝐱), ℒ𝑖}

Recall: supervised learning Reinforcement learning

A task: 𝒯𝑖 ≜ {𝒮𝑖 , 𝒜𝑖 , 𝑝𝑖(𝐬1), 𝑝𝑖(𝐬
′|𝐬, 𝐚), 𝑟𝑖(𝐬, 𝐚)}

a Markov decision process

dynamicsaction space

state 
space

initial state 
distribution

reward

much more than the semantic meaning of task!
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Examples Task Distributions

A task: 𝒯𝑖 ≜ {𝒮𝑖 , 𝒜𝑖 , 𝑝𝑖(𝐬1), 𝑝𝑖(𝐬
′|𝐬, 𝐚), 𝑟𝑖(𝐬, 𝐚)}

Multi-robot RL:

Character animation: across maneuvers

across garments & 

initial states

𝑟𝑖(𝐬, 𝐚) vary

𝑝𝑖(𝐬1), 𝑝𝑖(𝐬
′|𝐬, 𝐚) vary

𝒮𝑖 , 𝒜𝑖 , 𝑝𝑖(𝐬1), 𝑝𝑖(𝐬
′|𝐬, 𝐚) vary
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What is a reinforcement learning task?

Reinforcement learning

A task: 𝒯𝑖 ≜ {𝒮𝑖 , 𝒜𝑖 , 𝑝𝑖(𝐬1), 𝑝𝑖(𝐬
′|𝐬, 𝐚), 𝑟𝑖(𝐬, 𝐚)}

state 
space

action space

initial state 
distribution

dynamics

reward

An alternative view:

𝒯𝑖 ≜ {𝒮𝑖 , 𝒜𝑖 , 𝑝𝑖(𝐬1), 𝑝(𝐬
′|𝐬, 𝐚), 𝑟(𝐬, 𝐚)}

A task identifier is part of the state: 𝐬 = (𝐬, 𝐳𝑖)

original state

It can be cast as a standard Markov decision process!

{𝒯𝑖} = ⋃𝒮𝑖 , ⋃𝒜𝑖 ,
1

𝑁
∑
𝑖
𝑝𝑖(𝐬1), 𝑝(𝐬

′|𝐬, 𝐚), 𝑟(𝐬, 𝐚)
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The goal of multi-task reinforcement learning

The same as before, except:

a task identifier is part of the state: 𝐬 = (𝐬, 𝐳𝑖)

Multi-task RL

e.g. one-hot task ID
language description

desired goal state, 𝐳𝑖 = 𝐬𝑔

What is the reward?

If it's still a standard Markov decision process,

then, why not apply standard RL algorithms? You can! You can often do better.

“goal-conditioned RL”

The same as before

Or, for goal-conditioned RL:

𝑟(𝐬) = 𝑟(𝐬, 𝐬𝑔) = −𝑑(𝐬, 𝐬𝑔)

Distance function 𝑑 examples:

- Euclidean ℓ2
- sparse 0/1
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The Plan

28

Multi-task reinforcement learning problem

Policy gradients & their multi-task counterparts

Q-learning

Multi-task Q-learning



The anatomy of a reinforcement learning algorithm

This lecture: focus on model-free RL methods (policy gradient, Q-learning)

10/19: focus on model-based RL methods
29



On-policy                     vs                       Off-policy
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- Data comes from the current policy

- Compatible with all RL algorithms

- Can’t reuse data from previous 

policies

- Data comes from any policy

- Works with specific RL 

algorithms

- Much more sample efficient, 

can re-use old data



Evaluating the objective

Slide adapted from Sergey Levine
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Direct policy differentiation

a convenient identity

Slide adapted from Sergey Levine
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Direct policy differentiation

Slide adapted from Sergey Levine
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Evaluating the policy gradient

generate samples 
(i.e. run the policy)

fit a model to 
estimate return

improve the policy

Slide adapted from Sergey Levine
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Comparison to maximum likelihood

training
data

supervised
learning

Slide adapted from Sergey Levine

Multi-task learning algorithms 
can readily be applied!
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What did we just do?

good stuff is made more likely

bad stuff is made less likely

simply formalizes the notion of “trial and error”!

Slide adapted from Sergey Levine
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Policy Gradients

Pros:
+ Simple
+ Easy to combine with existing multi-task & meta-learning algorithms

Cons:
- Produces a high-variance gradient

- Can be mitigated with baselines (used by all algorithms in practice), trust regions

- Requires on-policy data
- Cannot reuse existing experience to estimate the gradient!

- Importance weights can help, but also high variance
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The Plan
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Multi-task reinforcement learning problem

Policy gradients & their multi-task/meta counterparts

Q-learning

Multi-task Q-learning



Value-Based RL: Definitions

Value function: 𝑉𝜋(𝐬𝑡) = ∑
𝑡′=𝑡

𝑇

𝔼𝜋 𝑟(𝐬𝑡′ , 𝐚𝑡′) ∣ 𝐬𝑡 total reward starting from 𝐬 and following 𝜋

Q function: 𝑄𝜋(𝐬𝑡 , 𝐚𝑡) = ∑
𝑡′=𝑡

𝑇

𝔼𝜋 𝑟(𝐬𝑡′ , 𝐚𝑡′) ∣ 𝐬𝑡 , 𝐚𝑡
total reward starting from 𝐬, taking 𝐚, 

and then following 𝜋

"how good is a state”

"how good is a state-action pair”

𝑉𝜋(𝐬𝑡) = 𝔼𝐚𝑡∼𝜋(⋅|𝐬𝑡) 𝑄
𝜋(𝐬𝑡, 𝐚𝑡)They're related:

If you know 𝑄𝜋, you can use it to improve 𝜋.

Set 𝜋 𝐚 𝐬 ← 1 for 𝐚 = arg𝑚𝑎𝑥
𝐚

𝑄𝜋(𝐬, 𝐚) New policy is at least as good as old policy.
43



Value-Based RL: Definitions

Value function: 𝑉𝜋(𝐬𝑡) = ∑
𝑡′=𝑡

𝑇

𝔼𝜋 𝑟(𝐬𝑡′ , 𝐚𝑡′) ∣ 𝐬𝑡

Q function: 𝑄𝜋(𝐬𝑡 , 𝐚𝑡) = ∑
𝑡′=𝑡

𝑇

𝔼𝜋 𝑟(𝐬𝑡′ , 𝐚𝑡′) ∣ 𝐬𝑡 , 𝐚𝑡

For the optimal policy 𝜋⋆:   𝑄⋆(𝐬𝑡 , 𝐚𝑡) = 𝔼𝐬′∼𝑝(⋅|𝐬,𝐚) 𝑟(𝐬, 𝐚) + 𝛾𝑚𝑎𝑥
𝐚′

𝑄⋆(𝐬′, 𝐚′)

Bellman equation
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total reward starting from 𝐬 and following 𝜋

total reward starting from 𝐬, taking 𝐚, 
and then following 𝜋

"how good is a state”

"how good is a state-action pair”



Value-Based RL
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Reward = 1 if I can play it 
in a month, 0 otherwise

a3

a1

a2

st

Current 𝜋 𝐚1 𝐬 = 1

Value function: 𝑉𝜋 𝐬𝑡 = ?

Q function: 𝑄𝜋 𝐬𝑡, 𝐚𝑡 = ?

Q* function: 𝑄∗ 𝐬𝑡 , 𝐚𝑡 = ?

Value* function: 𝑉∗ 𝐬𝑡 = ?

New policy is at least as good as old policy.Set 𝜋 𝐚 𝐬 ← 1 for 𝐚 = arg𝑚𝑎𝑥
𝐚

𝑄𝜋(𝐬, 𝐚)



Fitted Q-iteration Algorithm

Slide adapted from Sergey Levine

Algorithm hyperparameters

This is not a gradient descent algorithm!

Result: get a policy 𝜋(𝐚|𝐬) from arg𝑚𝑎𝑥
𝐚

𝑄𝜙(𝐬, 𝐚)

Important notes:
We can reuse data from previous policies!

using replay buffersan off-policy algorithm

Can be readily extended to multi-task/goal-conditioned RL
46



Example: Q-learning Applied to Robotics
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Continuous action space?

Simple optimization algorithm -> 
Cross Entropy Method (CEM)



In-memory buffers

QT-Opt: Q-learning at Scale

Bellman updatersstored data from all 
past experiments

Training jobs

CEM optimization

QT-Opt: Kalashnikov et al. ‘18, Google BrainSlide adapted from D. Kalashnikov



QT-Opt: MDP Definition for Grasping

State: over the shoulder RGB camera image, no depth

Action: 4DOF pose change in Cartesian space + gripper control

Reward: binary reward at the end, if the object was lifted. Sparse. No 
shaping

Automatic success detection:

Slide adapted from D. Kalashnikov



QT-Opt: Setup and Results
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7 robots collected 580k grasps Unseen test objects

96% test success rate!



Bellman equation:   𝑄⋆(𝐬𝑡 , 𝐚𝑡) = 𝔼𝐬′∼𝑝(⋅|𝐬,𝐚) 𝑟(𝐬, 𝐚) + 𝛾𝑚𝑎𝑥
𝐚′

𝑄⋆(𝐬′, 𝐚′)

Q-learning

Pros:
+ More sample efficient than on-policy methods
+ Can incorporate off-policy data (including a fully offline setting)
+ Can updates the policy even without seeing the reward
+ Relatively easy to parallelize

Cons:
- Harder to apply standard meta-learning algorithms (DP algorithm)
- Lots of “tricks” to make it work
- Potentially could be harder to learn than just a policy
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The Plan
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Multi-task reinforcement learning problem

Policy gradients & their multi-task/meta counterparts

Q-learning

Multi-task Q-learning



Multi-Task RL Algorithms

Policy: 𝜋𝜃(𝐚|𝐬) —>  𝜋𝜃(𝐚|𝐬, 𝐳𝑖)

Analogous to multi-task supervised learning: stratified sampling, soft/hard weight sharing, etc.

Q-function: 𝑄𝜙(𝐬, 𝐚) —>  𝑄𝜙(𝐬, 𝐚, 𝐳𝑖)

What is different about reinforcement learning?

The data distribution is 
controlled by the agent!

Should we share data in addition to sharing weights?

53

Why mention it now?



An example

Task 1: passing

Task 2: shooting goals

What if you accidentally perform a good pass when trying to shoot a goal?

Store experience as normal. *and* Relabel experience with task 2 ID & reward and store.

“hindsight relabeling” "hindsight experience replay” (HER)
54



Goal-conditioned RL with hindsight relabeling

1. Collect data 𝒟𝑘 = {(𝐬1:𝑇 , 𝐚1:𝑇 , 𝐬𝑔, 𝑟1:𝑇)} using some policy

2. Store data in replay buffer 𝒟 ← 𝒟 ∪ 𝒟𝑘

3. Perform hindsight relabeling:

4. Update policy using replay buffer 𝒟

a. Relabel experience in 𝒟𝑘 using last state as goal:
𝒟𝑘
′ = {(𝐬1:𝑇 , 𝐚1:𝑇 , 𝐬𝑇 , 𝑟1:𝑇

′ } where 𝑟𝑡
′ = −𝑑(𝐬𝑡, 𝐬𝑇)

b. Store relabeled data in replay buffer 𝒟 ← 𝒟 ∪ 𝒟𝑘
′

Kaelbling. Learning to Achieve Goals. IJCAI ‘93
Andrychowicz et al. Hindsight Experience Replay. NeurIPS ‘17

<— Other relabeling strategies?

use any state from the trajectory

𝑘 + +

Result: exploration challenges alleviated

55

https://arxiv.org/search/cs?searchtype=author&query=Andrychowicz%2C+M


Why mention it now?

Task 2: open a drawerTask 1: close a drawer

Can we use episodes from drawer opening task for drawer closing task?

How does that answer change for Q-learning vs Policy Gradient?



Multi-task RL with relabeling

When can we apply relabeling?
- reward function form is known, evaluatable
- dynamics consistent across goals/tasks
- using an off-policy algorithm*

1. Collect data 𝒟𝑘 = {(𝐬1:𝑇 , 𝐚1:𝑇 , 𝐳𝑖 , 𝑟1:𝑇)} using some policy

2. Store data in replay buffer 𝒟 ← 𝒟 ∪ 𝒟𝑘

3. Perform hindsight relabeling:

4. Update policy using replay buffer 𝒟

a. Relabel experience in 𝒟𝑘 for task 𝒯𝑗:

𝒟𝑘
′ = {(𝐬1:𝑇 , 𝐚1:𝑇 , 𝐳𝑗 , 𝑟1:𝑇

′ } where 𝑟𝑡
′ = 𝑟𝑗(𝐬𝑡)

b. Store relabeled data in replay buffer 𝒟 ← 𝒟 ∪ 𝒟𝑘
′

Kaelbling. Learning to Achieve Goals. IJCAI ‘93
Andrychowicz et al. Hindsight Experience Replay. NeurIPS ‘17

<— Which task 𝒯𝑗 to choose?𝑘 + +

- randomly
- task(s) in which the 

trajectory gets high reward

57

Eysenbach et al. Rewriting History with Inverse RL

Li et al. Generalized Hindsight for RL

https://arxiv.org/search/cs?searchtype=author&query=Andrychowicz%2C+M


Hindsight relabeling for goal-conditioned RL

Example: goal-conditioned RL, simulated robot manipulation

Kaelbling. Learning to Achieve Goals. IJCAI ‘93
Andrychowicz et al. Hindsight Experience Replay. NeurIPS ‘17
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https://arxiv.org/search/cs?searchtype=author&query=Andrychowicz%2C+M


Time Permitting: What about image observations?

Random, unlabeled interaction is optimal under the 0/1 reward of reaching the last 

state.

𝑟𝑡
′ = −𝑑(𝐬𝑡, 𝐬𝑇)

Recall: need a distance function between current and goal state!

Use binary 0/1 reward? Sparse, but accurate.
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Can we use this insight for better learning?

1. Collect data 𝒟𝑘 = {(𝐬1:𝑇 , 𝐚1:𝑇)} using some policy

2. Perform hindsight relabeling:

3. Update policy using supervised imitation on replay buffer 𝒟

a. Relabel experience in 𝒟𝑘 using last state as goal:
𝒟𝑘
′ = {(𝐬1:𝑇 , 𝐚1:𝑇 , 𝐬𝑇 , 𝑟1:𝑇

′ } where 𝑟𝑡
′ = −𝑑(𝐬𝑡, 𝐬𝑇)

b. Store relabeled data in replay buffer 𝒟 ← 𝒟 ∪ 𝒟𝑘
′

If the data is optimal, can we use supervised imitation learning?
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Collect data from "human play”, perform goal-conditioned imitation.

61Lynch, Khansari, Xiao, Kumar, Tompson, Levine, Sermanet. Learning Latent Plans from Play. ‘19



The Plan
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Multi-task reinforcement learning problem

Policy gradients & their multi-task/meta counterparts

Q-learning

Multi-task Q-learning

How data can be shared across tasks.
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Many Remaining Questions: The Next Three Weeks

How can we use a model in 

multi-task RL?

What about hierarchies of tasks?

Can we learn exploration 

strategies across tasks?

What about meta-RL

algorithms?

Model-based RL - Oct 19

Meta-RL - Oct 21

Meta-RL: Learning to explore

- Oct 26

Hierarchical RL - Nov 2
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Additional RL Resources

Stanford CS234: Reinforcement Learning

UCL Course from David Silver: Reinforcement Learning

Berkeley CS285: Deep Reinforcement Learning


